Abstract: Mangrove forests provide a wide range of socioeconomic and ecological services for coastal communities. Extensive aquaculture development of mangrove waters in many developing countries has constantly ignored services of mangrove ecosystems, leading to unintended environmental consequences. Monitoring the current status and distribution of mangrove forests is deemed important for evaluating forest management strategies. This study aims to delineate the density distribution of mangrove forests in the Gulf of Fonseca, Central America with Rapideye data using the support vector machines (SVM). The data collected in 2012 for density classification of mangrove forests were processed based on four different band combination schemes: scheme-1 (bands 1-3, 5 excluding the red-edge band 4), scheme-2 (bands 1-5), scheme-3 (bands 1-3, 5 incorporating with the normalized difference vegetation index, NDVI), and scheme-4 (bands 1-3, 5 incorporating with the normalized difference rededge index, NDRI). We also hypothesized if the obvious contribution of Rapideye red-edge band could improve the classification results. Three main steps of data processing were employed: (1) data pre-processing, (2) image classification, and (3) accuracy assessment to evaluate the contribution of red-edge band in terms of the accuracy of classification results across these four schemes. The classification maps compared with the ground reference data indicated the slightly higher accuracy level observed for schemes 2 and 4. The overall accuracies and Kappa coefficients were 97% and 0.95 for scheme-2 and 96.9% and 0.95 for scheme-4, respectively.
Introduction
Mangrove forests were naturally distributed in coastal areas where slow-moving waters allow fine sediments to settle and may prevent coastal soil erosion during hurricane seasons in the warm coastlines of tropical oceans all over the world. It also provides a wide range of ecological and socioeconomic services for human beings and habitats for various wildlife forms, such as shorebirds, crab-eating monkeys, and fishing cats [1] [2] [3] . Extensive development of coastal areas in many developing countries by drastically transforming mangrove forests to other land uses such as aquaculture and built-up areas has constantly ignored such ecological and socioeconomic services of mangrove ecosystems [4] [5] [6] . The total area of mangrove forests in the world was drastically declined from approximately 16.5 million ha in 1980s to 15.2 million ha in 2000s [7, 8] .
The destruction was mainly driven by the conversion of mangrove forests to shrimp farms and coastal urbanization to meet the human needs of socioeconomic development [9] [10] [11] . The destruction of mangrove forests has reduced their viability and the quality of socioeconomic and ecological services, consequently creating environmental problems, such as land degradation, soil erosion, and loss of habitats of animal and plant species [12] [13] [14] [15] . Thus, information of the status of spatial distributions of mangrove forests is deemed critical for forest managers and scientists to evaluate current land-use management policies.
The estuary complex in the Gulf of Fonseca, Central America sharing the boundaries of El Salvador, Honduras, and Nicaragua is an ideal study site. The region characterized by a diverse landscape of mangrove forests, marshes, mudflats, and lagoons connected with the Pacific Ocean is thus significant for biodiversity conservation. However, uncontrolled aquaculture development, especially shrimp farming, started in early 1980s [16] that provided much demanded socioeconomic development and employment for the local community in the region [17] has driven mangrove deforestation, constantly degrading ecological and socioeconomic services of mangrove forests causing environmental issues, including water pollution, land degradation, and changes in hydrological regime [18] [19] [20] .
Therefore, understanding of the spatial density and current distribution of mangrove forests in the study region is deemed important to the land-use assessment and rehabilitation of mangrove ecosystems.
Remote sensing has long been recognized as one of the most efficient tools for evaluating land-use/land-cover (LULC) because it can provide spatiotemporal data in a timely manner at the local, regional, and global scales. The low-resolution remote sensing, such as moderate resolution imaging spectroradiometer (MODIS) and advanced very high resolution radiometer (AVHRR), has advantages for LULC monitoring at a regional scale because it has a wide coverage and is free of charge for data acquisition. However, it seems infeasible in the context of the study region owing to the mixed-pixel issue of small and fragmented patches of mangrove forests. This study used Rapideye data processed by using the support vector machines (SVM) [21] [22] [23] , which is a machine learning classifier [24, 25] , for mapping the density status and spatial distribution of mangrove forests in the Gulf of Fonseca, Central America. The advantages of using Rapideye imageries for monitoring mangrove forests in the region were that this satellite sensor has ability to acquire high-resolution data (5 m resolution) over a 77 km wide swath with five spectral bands in which the red-edge wavelength (690-730 nm) between red and near-infrared wavelengths could be found useful for discriminating vegetation types. The red-edge band is strongly correlated with foliar chlorophyll content and vegetation stress [26, 27] .
In this study, aside from mapping the density status of mangrove forests we also tested if the red-edge band of Rapideye satellite data could improve the mangrove mapping results in the study region. The data were processed using SVM because this classifier can perform complex classification tasks, including mangrove forests and spectral mixture problems [28] [29] [30] [31] [32] . The SVM demonstrates to produce more accurate classification outcome than traditional classifiers, such as maximum likelihood, decision tree, and neural networks [33, 34] . Because our hypotheses also tried to bridge a research gap if the contribution of Rapideye red-edge band to the classification results of mangrove density in the study region can be confirmed, four numerical schemes of band combination were tested: scheme-1 (bands 1-3, 5 excluding the red-edge band 4), scheme-2 (bands 1-5), scheme-3 (bands 1-3, 5 incorporating with the normalized difference vegetation index, NDVI), and scheme-4 (bands 1-3, 5 incorporating with the normalized difference red-edge index, NDRI). To avoid biases when comparing the classification results across different schemes, the same training pixels in the group of candidate pixels were extracted from the ground reference dataset for classification and the same pixels were extracted from the group of pixels for accuracy assessment.
The objective of this study was to delineate the density of mangrove forests from Rapideye data in the Gulf of Fonseca, Central America using SVM. The results produced from this study could led to the provision of an unique agro-ecological insight of the status and distributions of dense mangrove, sparse mangrove, agriculture (e.g., cropping areas and orchards), fallowed land, and mudflat, which may essentially contribute to devise successful plans for aquaculture development and conservation of mangrove ecosystems in the study region.
Study region
We selected the Gulf of Fonseca, Central America to investigate the density of mangrove forests from Rapideye data ( Figure 1 ). The region bordered by El Salvador, Honduras, and Nicaragua is an estuarine complex characterized by a subtropical climate and saline-affected conditions that are suitable for aquaculture development and shrimp culture. This study region was diversified by landscapes and rich in biodiversity because of presence of globally important ecosystems of mangrove forests, marshes, mudflats, and lagoons. It is thus significant for ecosystem conservation and eco-tourism. However, due to rapid population growth and meeting basic needs of the rural livelihoods and socioeconomic development, many parts of the region have been transformed to aquaculture fields, especially shrimp farms [35] . The conversion of mangrove forests to aquaculture and shrimp farms without taking into account long-term impacts on sustainable development has consequently led to mangrove deforestation and environmental issues [36] .
Data collection
Two Rapideye images (level 3A) covering the estuary complex (Gulf of Fonseca) acquired on 4 and 14 March 2012 were used in this study. The data have five spectral bands: band 1 (blue), band 2 (green), band 3 (red), band 4 (rededge), and band 5 (near infrared). The red-edge band spectrally located between the red and near-infrared bands is able to provide useful information to characterize plant types and land-cover abundance. The advanced spaceborne thermal emission and reflection radiometer (ASTER) digital elevation model (DEM) (30 m resolution) was used for masking out high elevation areas. The 2011 El Sal- Global 500 m SIN Grid Product collected from NASA), and topographic maps were also used as reference data sources for crosschecking and accuracy assessment of the classification results.
Because of the unavailability of updated LULC maps covering the study region for accuracy assessment of the classification results, this study counted on the ground reference data created after the field surveys using Google Earth imagery, currently available LULC maps, and the information recorded from the field work conducted in 2011. We segmented the Rapideye image into a number of classes using the Isodata clustering algorithm. The results were overlaid with the existing LULC maps and compared with the high resolution Google Earth imagery for crosschecking. The ground reference map was created by digitizing homogenous sites associated with each land-cover class. This map was then rasterized into a grid of 5 m resolution ( Figure 2 ) and used for selecting training pixels for SVM classification and accuracy assessment of the classification results. 
Methods
The flowchart shows a three-step procedure of data processing adopted in this study ( Figure 3 ): (1) data preprocessing including image ortho-rectification and nonvegetated area masking, (2) image classification using SVM, and (3) accuracy assessment of the classification results based on the ground reference data, followed by the testing of the significant difference among the four numerical schemes using the Z-test statistic.
Data pre-processing
The ortho-rectification of Rapideye images was processed to remove distortions caused by terrain and image tilt effects for the purpose of creating a planimetrically correct image. This process was carried out using the ASTER DEM (30 m resolution) and 30 ground control points uniformly chosen from distinct features throughout the study region using LULC and topographic maps. The images were registered to the Universal Transverse Mercator (UTM) system (datum zone 16 N) and mosaicked. The results indicated that the geometric accuracy of the systematically corrected images was less than 5 m (1 sigma).
Two vegetation indices (NDVI and NDRI) were calculated to test the relative contribution of the red-edge band in various mapping schemes. These indices were calculated as follows:
where ρ red (630-685 nm), ρ rededge (690-730 nm), and ρ nir (760-850 nm) are red, red-edge and near-infrared bands, respectively. The NDVI [38] is sensitive to the amount of greenness biomass, and thus is widely adopted for monitoring changes in vegetation growth. Because the reflectance of green vegetation changes abruptly in the wavelength region of 670-780 nm due to the effect of strong chlorophyll absorption and leaf internal scattering so that NDRI is useful for studying the chlorophyll content as a measure of vegetation growth condition [39, 40] . Because mangroves are naturally grown in intertidal coastlines between the land and sea, the areas higher than 30 m could be masked out using the ASTER DEM. The nonvegetated areas (i.e., water bodies and built-up areas) were also masked out using the mean NDVI, where its value was smaller than 0. The masking process was to limit our analysis to vegetated areas that are lower than 30 m.
Image classification
Based on the visual interpretation of the Google Earth imagery, the available LULC maps, and the data collected from the field surveys, six classes were identified for SVM classification (Figure 4) , including: dense mangrove (dark purple tones), sparse mangrove (brighter purple tones), agriculture such as cropping areas and orchards (orchid tones), fallowed land (white tones), and mudflat (dark grey tones). The SVM is a nonparametric classifier based on the statistical learning theory [24] . This method classifies data by finding the optimal hyperplane that separates all data points of one class from those of the other class. Assume that the data for training is set of points x i corresponding to their categories y i , where x i ∈ R and y i = ±1. For a linear case of two classes, class 1 is represented as +1 and class 2 represented as −1. The equation of a hyperplane is expressed as w · x + b = 0, where x is a point lying on the hyperplane, w is a parameter determining the hyperplane orientation, and b is the offset of the hyperplane from the origin. The data must fall on the proper side of the hyperplane of either y i · x i + b ≥ +1 or y i · x i + b ≤ −1. These two hyperplanes can be rewritten as y i (w · x i + b)−1 ≥ 0. Therefore, if an optimal hyperplane exists, the training data are separable. The margin between the two planes is 2/¦w¦ so that the optimal hyperplane is required to minimize this distance 2/¦w¦ using Lagrange multipliers [41, 42] . Details about SVM can be found in the textbook of the nature of statistical learning theory [22] .
For a nonlinear case, this algorithm can be extended using kernel functions K(x i , w) to make the computation easier in feature space by replacing the vector product in w · x + b = 0 andy i (w · x i + b)−1 ≥ 0. In this study, the radial basis function (RBF) was used because it demonstrates to produce more accurate results in classification of hyperspectral data than other functions such as linear and polynomial kernels [43] . The RBF is expressed as follows:
where >0 is the kernel parameter, x i is a set of samples (x i ∈ Rn) is an n-dimensional vector and y i is the class label.
The training samples selected out of the synchronous collection of the ground reference data were sorted out to train SVM for classification based on Rapideye data. To avoid biases due to selecting the same training pixels for SVM classification and accuracy assessment of the classification results, the ground reference data were partitioned randomly into two different groups of pixels, namely group-1 for training and group-2 for accuracy assessment. From the group of training pixels (group-1), a total of 12,000 pixels (2,000 for each class) were randomly extracted to train SVM for classification. The Jeffries-Matusita distance (JM) (values from 0-2) was used to verify spectral separability between two classes [44] , calculated as follows:
where B is the Bhattacharyya distance [45] , expressed as follows:
where m 1 , m 2 and σ1 , σ2 are the class means and class variances, respectively. The JM value of 2 indicates a complete separation between two classes, and the lower values indicate the higher possibility of having cases of misclassification. A refinement process was eventually applied to merge non-mangrove classes (i.e., agriculture, fallowed fields, and mudflat) into a newer class, namely others.
Accuracy assessment
The classification results were verified using the ground reference data (i.e., group of pixels for accuracy assessment). For each class, a total of 2,000 pixels were randomly extracted to compare with those from the classification maps using the confusion matrix. Kappa coefficient and overall accuracy were calculated to measure the classification accuracy. Other parameters including producer and user accuracies were also computed to measure perclass classification accuracy. The Z-test statistic based on Kappa statistic [46, 47] was also calculated to test if the classification results produced from the four band combination schemes were significantly different. Assuming Rapideye data has a normal distribution, the test statistic (Z) becomes:
where k 1 and k 2 are the kappa coef?cients obtained from the results of accuracy assessment between two band combination schemes, and their associated variances (σ 1 , σ 2 ). Introducing a confidence level of 95% the two band combination schemes differ significantly if Z >1.96.
Results

Spectral information of different training classes
The JM distance measure applied to the training samples randomly extracted from the ground reference data indicated that SVM could achieve satisfactory spectral separation among proposed land-cover classes ( Table 1) . The mean JM values derived from the five spectral bands for pairs of classes were generally greater than 1.6. The results thus suggested that the selected classes could be appropriate for SVM classification. There were some exceptions that indicated the lower JM values, including sparse mangrove-forest (JM = 0.73), sparse mangrove-mudflat (JM=1.02), forest-mudflat (JM=1.33), and mudflat-agriculture (JM=1.31). It was thus noticeable that distinction between the sparse mangrove and forest might not be successful in SVM classification due to spectral confusion.
Distribution of mangrove forests and accuracy assessment results
The classification results achieved from SVM classification of the 2012 Rapideye data showed the spatial distribution of mangrove forests in the Gulf of Fonseca ( Figure 5 ). The mangrove forests generally sheltered the coastlines and thin fringes of estuaries of the Gulf of Fonseca. In general, the comparable spatial distributions of mangrove forests between four different band combination schemes were salient. The dense mangroves were more concentrated in the upper part of the region bordered by El Salvador and Honduras because in this region there were several natural reserves that were strictly protected by the local governments for biodiversity conservation. The majority of sparse mangrove forests was found in the lower part of the region because a number of shrimp farms have long been present in the coastal waters of mangrove forests for the purpose of aquaculture development in the study region. The classification results associated with different band combination schemes were compared with the ground reference data to evaluate the accuracy of SVM classification. The comparisons were facilitated by a way that 2,000 pixels for each class (i.e., dense mangrove, sparse mangrove, and others) were randomly extracted from the ground reference data (group-2) to compare with those obtained from the classification maps produced by four different numerical schemes. The agreement across these four schemes can be generally confirmed with the overall accuracies and Kappa coefficients that are generally higher than 96% and 0.9, respectively, in all cases (Table 2). Of a total of 2,000 pixels retrieved to determine the accuracy in each class, the class having a lower producer accuracy level was observed for the sparse mangrove class due to spectral confusion based on the JM distance. The spectral confusion was often present due to encountering mixed-pixel problems in areas where road and canal networks have been well-developed for transportation contributing to the possible classification errors. When comparing the classification performance among the four numerical schemes, the highest performance was found by using scheme-2 (bands 1-5). The overall accuracy and Kappa coefficient were 97.0% and 0.95, as compared to the corresponding values obtained from scheme-1 (bands 1-3, 5, without the red-edge band 4) that were 96.2% and 0.94, respectively. The stability of the red-edge band contributing to the improvement of classification results was evidenced by comparing the two schemes associated with the inclusion of NDVI and NDRI. The slightly better overall accuracy of 96.9% and Kappa coefficient of 0.95 can be found in scheme-4 (bands 1-3, 5 and NDRI), as compared to the corresponding values of 96.1% and 0.94, respectively, in scheme-3 (bands 1-3, 5 and NDVI). Hence, the results can be confirmed by the fact that the better classification results can be achieved by using schemes 2 and 4, which incorporated the red-edge band.
The Z-test statistic was applied to determine if the classification results produced from schemes 2 and 4 that incorporated the red-edge band were significantly different with those produced from schemes 1 and 3 that excluded the red-edge band for SVM classification. The results of this pairwise test (between two confusion matrices) indicated that the classification results obtained from schemes 2 and 4 with red-edge band were significantly different from schemes 1 and 3 without the red-edge band. This could be evidenced by that the Z-test values were greater than 2.1 or more, greater than the critical value of 1.96 (Table 3). The Z-test values obtained for the pairs of schemes 1 and 2, and those of schemes 1 and 4 were 2.51 and 2.14, whereas the Z-test value achieved for the pair of schemes 1 and 3 was simply 0.28. Similarly, the Z-test values of 2.79 and 2.42 were obtained for the pairs of schemes 2 and 3, and schemes 3 and 4, respectively. The pair of schemes 2 and 4 had a Z-test value of 0.37 only. From these findings, it might be concluded that the contribution of red-edge band improved SVM classification results of mangrove density in the study region.
Discussion
It was worthwhile to compare advantages and disadvantages of SVM applied to Rapideye data for classification of mangrove forests associated with the red-edge band. The SVM applied to Rapideye data confirmed the validity of this classification method for mapping the mangrove density in the Gulf of Fonseca with the overall accuracy and Kappa coefficient higher than 96% and 0.9, respectively. The advantages of SVM were that this algorithm is relatively flexible, allowing to use unlimited training samples, provided that such samples are expected to be pristine. In this study, the training samples were randomly extracted from the ground reference image. Given that SVM is a nonlinear algorithm, enabling us to account for a wide range of data types, such as nonlinear vegetation indices (i.e., NDVI and NDRI), which can be used without priori assumptions about the data. Once SVM is fully trained, the classification can be well-performed. However, disadvantages of using SVM for classification rested on that the choice of a kernel function and its parameter values also affected the level of classification accuracy. In this study, the selection of RBF kernel was made based on literature review. With this clue, the SVM algorithm appeared to be a good one for mapping mangrove forests based on Rapideye data in the study region.
The classification outcome clearly indicated that the incorporation of the red-edge band information into the SVM classification algorithm improved only approximately 0.83% and 0.82% of the overall accuracies for scheme-2 that incorporated the red-edge band and scheme-4 that incorporated NDRI as compared to schemes 1 and 3. However, the Z-test statistic for testing the significant difference between two confusion matrices revealed that the contribution of the red-edge band to the classification results of mangrove forests in Central America was significant, given that the Z-test values was higher than 1.96. This contribution could be explained that the increase of the classification accuracy was attributed to the larger sensitivity of the red-edge band than the near-infrared band for the vegetation cover differentiation. As indicated in the classification results, the sparse mangrove class yielded higher producer accuracy levels associated with schemes 2 and 4 both of which incorporated the red-edge band, when compared to those associated with schemes 1 and 3 both of which did not incorporate the red-edge band.
It was however noticed that in this study the classification results produced by the pixel-based SVM algorithm and the accuracy assessment were carried out using the randomly extracted pixels synchronous with the ground reference data based on the ground reference data which may had inherent discrepancies to some extent. Further investigations of the contribution of the red-edge band to the improvement of LULC classification should thus be carried out using different classifiers to confirm the importance of red-edge band for LULC classification.
Conclusions
The findings achieved from this study confirmed the validity of SVM for density mapping of mangrove forests in the Gulf of Fonseca, Central America. The mapping results compared with the ground reference data indicated the overall accuracies and Kappa coefficients generally higher than 96% and 0.9, respectively. The slightly higher levels of classification accuracy were observed for schemes 2 and 4 both of which incorporated the red-edge band in the classification. Although the Z-test results statistically supported the inclusion of red-edge band in the classification of mangrove forests in the study region, the mapping results showed that such an incorporation improves only 0.83% and 0.82% of the overall accuracies for these two schemes. Overall, this study could provide quantitative information in regard to the status and density distributions of mangrove forests in the study region, which may be important for natural resources managers to evaluate their current management practices of mangrove ecosystems in regard to how to formulate a better long-term management strategy.
